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Description Approach Recent Results
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engine prognostics and condition-based
maintenance.
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« Extension of the particle filter estimator over
Process the entire operational regime of the engine,
Noise using more realistic noise models.
« Assessment of the sensitivity of the

nonlinear observability test to individual
health parameters.

Engine Model C-MAPSS40K

« Particle Filter design for robust performance
in the presence of modeling errors.

Engine Performance Estimation

State Update

« Code optimization for faster execution.
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